e
7. University of St.Gallen

Hyper-Representations as Generative Models:
Sampling Unseen Neural Network Weights

Konstantin Schiirholt?, Boris Knyazev?, Xavier Giro-i-Nieto3, Damian Borth'
TAl:ML Lab, School of Computer Science, University of St. Gallen
2 Samsung - SAIT Al Lab, Montreal

3 |nstitut de Robotica i Informatica Industrial, Universitat Politecnica de Catalunya

n

4 ) IA:J -:
/ i
4 s
i
&
;
-
[ 7
8
/




Introduction

Learning from populations of Neural Network models is an emerging topic.

Discriminative: predict model properties Generative: generate new models
* Predict: accuracy, generalization gap, hyperparameters * HyperNetworks [Ha et al. 2016; Deutsch, 2018; Zhang et al, 2020; Knyazev
*  Features: weights [Unterthiner et al, 2020; Martin et al, 2021}, etal, 2021; Zhmoginov et al, 2022; Ratzlaff and Fuxin, 2019 ]
activations [liang et al, 2019], graph-metrics [Corneanu et al, 2020] » Transfer Learning, Knowledge Distillation [Shu et al, 2027; Liu et al,
2019]
Hyper-Representations: SSL representations of NN || Model Zoos: Dataset of Diverse NN populations
weights [Schiirholt et al, NeurlPS 2021] [Schiirholt et al., NeurlPS 2022]
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Goal:

« Better initializations for fine-tuning and transfer-learning
« Knowledge distillation from populations

» Generate diverse ensembles

This work: Generative Hyper-Representations




Approach

Zoo Generation Details Hyper-Representation Details Sampling Details Evaluation Details
* Small CNNs: 3 cony, 2 FC layers » Encoder-Decoder Transformer * Properties like accuracy are embedded in latent + Use sampled models as initialization:
« ~2500 parameters + Trained with Reconstruction and Contrast « Problem: space is relatively high-dimensional + finetuning in-distribution
* 1000 models, trained for 25 epochs *  We propose 3 methods to sample good models + transfer learning
* Initialized with different random seeds + generating diverse ensembles
Model Zoos Train Hyper-Representation Sample Hyper-Representation Evaluate Generated Models
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Sampling initializations

Sampling methods are targeted:
distinguish high / low accuracy
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_ Method Ep.  MNIST SVHN  CIFAR-10  STL-10
Sampled populations are better than (or :
) Bt 0 ~10% (random guessing)
comparable to) baselines: Bkppso 0 63272  101%32 155+34  127+34
o SKDE30 0 [68.6+6.7 51.5+59 269+49 19.7+2.1|
* Asinitialization
) _ Br 1 206+16 194+06 275+21 154%138
* Infinetuning (often after 1 ep better than 25 ep Bkpeso 1 832%12 67420  397+0.6 26416
trained from scratch) Skprso 1 [837x13 69916 44.0+0.5 259+ 1.6
Br 25 [833+26 66.7+85 46.1+13 350+ 1.3|
Bxpeso 25 93206 754+09 4381+06 38.4%0.9
Skpezo 25  93.0+07 74214  48.6x0.5  38.1z1.1
Br 50 91.1+£26 707+88 48714 39.0+1.0




Sampling for New Tasks and Architectures

Sampled populations outperform or match baselines for transfer-learning

Method SVHN to MNIST

Ep. 0 Ep. 1 Ep. 50
Br 10.0 £ 0.6 206+ 1.6 91.1£1.0
Br 334+54 84.4+7.4 95.0+0.8
SKDE30 31.8+£5.6 869+14 955+ 04

Sampled weights generalize to changed architectures and outperform random initialization

Initialization Epoch1l Epoch5 Epoch 50

3-conv (r. 1.) + res-skip (r.1.) 18.9+1.6 314 +17 50.6+28
3-conv (gen.) + res-skip (r. i.) [34.5 + 14 60.5 +21 68.0 + 21|

4-conv (r.1.) 19.2+1.0 192+0.9 552+11
4-conv (gen.) [44.0 +4.5 57.8 +3.5 67.6 +1.9|

4-conv + id.-skip (r. i.) 18.9+1.0 19.6+1.7 56.4 +7.9
4-conv + id.-skip (gen.) [48.0 +4.0 59.9 +2.5 66.4 + 1.7]
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